In Brief Ashar et al. present fMRI markers predicting the intensity of two different empathic emotions in response to naturalistic, dynamic stimuli. The markers predicted charitable donations, were supported by distinct large-scale brain systems, and were differentially related to eight other feelings.
INTRODUCTION
Distinctions among multiple systems are central to recent conceptualizations of empathy and compassion (Ashar et al., 2016a; de Waal, 2008; Kanske et al., 2016; Shamay-Tsoory et al., 2009; Singer and Klimecki, 2014; Zaki and Ochsner, 2012 ). An ''affective empathy'' system is believed to support the sharing or simulation of others' affective experiences, often leading to personal distress for the empathizer. A ''cognitive empathy'' system, related to mentalizing and perspective-taking, supports the conceptual understanding of others' internal states. And an ''empathic care'' system supports responding to others' distress with warmth and care and is closely associated with sympathy and compassion. These distinctions-especially between empathic care and empathic distress-are at the heart of several recent debates. Scientists have argued that shared experiences of distress are a poor guide for moral behavior and public policy, which ought to instead rely on empathic care and perspective-taking (Bloom, 2016; Lamm and Majdand zi c, 2015) ; that empathic distress causes burnout among professional caregivers, whereas empathic care leads to sustained functioning and fulfillment (Klimecki and Singer, 2011; Caroe, 2012) ; and that empathic distress leads to avoidance, whereas empathic care leads to helping behavior (Batson, 2011; Batson et al., 1987; Eisenberg et al., 1989) .
Neuroscientific evidence suggests that empathic care and distress are supported by distinct brain systems. Neuroimaging investigations of altruistic and prosocial behavior, which may be preferentially linked to care rather than to distress, have linked these behaviors to the mesolimbic dopamine system, including the ventral tegmental area (VTA), ventral striatum (VS), and ventromedial prefrontal cortex (vmPFC) (Harbaugh et al., 2007; Hare et al., 2010; Moll et al., 2006; Morelli et al., 2015; Zaki and Mitchell, 2011) , especially in the context of positive affect (Genevsky and Genevsky et al., 2013) . In addition, a septal/anterior hypothalamic circuit has been linked to a range of affiliative emotions and behaviors across species, including maternal and juvenile play behavior in rats (Bredewold et al., 2015; Numan, 1988) and in humans, trust (Krueger et al., 2007) , charitable donation (Moll et al., 2006) , prosocial behavior (Morelli et al., 2014) , support giving (Inagaki and Eisenberger, 2012) , and affiliative emotion (Moll et al., 2012 (Moll et al., , 2014 .
Empathic distress-the negative affect arising in response to others' suffering-has been investigated most often by presenting participants with cues of others' physical or emotional pain, such as a photograph of an injured hand. Meta-analyses of these studies, which are thought to elicit more distress than care, report robust activation of the anterior midcingulate (aMCC) and anterior insula (aIns) (Fan et al., 2011; Lamm et al., 2011) . Observing emotional pain has also been linked to activity in regions associated with mentalizing, including the dorsomedial prefrontal cortex (dmPFC), posterior cingulate (PCC), precuneus, and temporo-parietal junction (TPJ) (Bruneau et al., 2012a (Bruneau et al., , 2012b Immordino-Yang et al., 2009; Krishnan et al., 2016; Lutz et al., 2008; Masten et al., 2011; Meyer et al., 2013; Morelli et al., 2014) . Empathic distress may stem partly from the sharing or simulation of the other's suffering (Batson, 2011; Decety and Lamm, 2011; Raz et al., 2014) , and, thus, could be supported by putative ''mirror'' regions, including the premotor cortex, inferior parietal lobe, and the inferior frontal gyrus (Gallese et al., 2004; Iacoboni and Dapretto, 2006; Molenberghs et al., 2012; Mukamel et al., 2010) , as well as somatosensory cortex when somatosensation is involved (Keysers et al., 2010) .
We addressed three open neuroscientific questions regarding empathic care and distress. First, can activity in different brain systems accurately and differentially predict the reported intensity of care and distress, and are the brain systems involved consistent enough across individuals to provide accurate predictions in new individuals? Previous investigations have typically studied these emotions in isolation. Additionally, although brain patterns have been shown to reliably track basic affective states in novel individuals (Chang et al., 2015; Kassam et al., 2013; Knutson et al., 2007; Kragel and LaBar, 2015; Saarim€ aki et al., 2016; Wager et al., 2015) , it remains unknown whether the same is possible for conceptually elaborated and empathy-related feelings (but see Kassam et al., 2013) . Patterns that are predictive in novel individuals have several translational applications. They can be tested for generalizability and validity across diverse task paradigms, used for prognosis and subtyping of individuals, and serve as targets for interventions (Woo et al., 2017) .
Second, it remains unclear how brain systems support moment-by-moment changes in empathic responses to ecological stimuli. Prior research has largely ignored the temporal dynamics of empathic processes, instead focusing on the overall affective response to brief stimuli. The temporal dimension of affect is critical for healthy functioning and decision-making (Houben et al., 2015; Kahneman et al., 1993) , although it has been understudied in neuroscientific investigations (Admon and Pizzagalli, 2015; Heller et al., 2013) .
Third, it remains unclear how empathic care and distress differentially motivate helping. Conflicting evidence suggests that distress predicts both escape behavior (Batson, 2011; Batson et al., 1987) and helping behavior (Ashar et al., 2016b) and that charitable donation is motivated by brain activity related to both positive affect (Genevsky and Knutson, 2015; Genevsky et al., 2013) and negative affect (Sawe and Knutson, 2015) .
To address these three questions, we developed a novel study paradigm in which participants (n = 66) listened to true biographies describing a range of human suffering during functional magnetic resonance imaging (fMRI). Biography content emphasized ecological validity and stimulus diversity, describing children born with congenital disease, adults struggling with cancer, experiences of homelessness, and other hardships. Participants provided moment-by-moment ratings of empathic care and distress while listening to these biographies a second time, after the scanning session. We then developed two whole-brain markers tracking these moment-bymoment ratings of empathic care and distress and their ability to predict reported emotional experience from the brain activity of out-of-sample test subjects.
To better understand how empathic care and distress are related to a range of other emotions (Condon and Feldman Barrett, 2013; Shaver et al., 1987) , we collected an independent behavioral dataset (n = 200) for testing marker specificity relative to sadness, fear, disgust, anger, happiness, surprise, positive valence, and negative valence. An advantage of our analytic approach, which used normative (group-average) time courses to develop the care and distress brain markers, is that it allowed us to map normative time courses for the eight other feelings collected in the behavioral sample onto the neuroimaging data. We then tested to what extent the empathic care and distress brain markers predicted these other feelings.
Finally, we gave participants the opportunity to make charitable donations from their participation earnings ($0-$100) and tested the extent to which the care and distress brain marker responses predicted trial-by-trial variation in charitable donation amounts. To assess incremental validity, we compared the markers' predictions of donation with predictions derived from self-reported care and distress and from two regions of interest (the vmPFC and nucleus accumbens [NAc] ) previously linked to charitable donation.
RESULTS

Reported Care and Distress and Charitable Donation Behavior
Participants made moment by moment empathic care and distress ratings using a visual analog scale while listening to the biographies for a second time outside of the scanner to avoid rating-related confounds during imaging. Each participant was assigned to rate care for half of the biographies and distress for the other half, with a randomized counter-balanced assignment of biographies to care or distress across participants. Ratings of care and distress increased strongly during biography presentation, with an average peak care rating of mean (M) = 74.90, SD = 8.17 and distress rating of M = 68.86, SD = 6.50, on a 1-100 scale anchored from ''not at all'' to ''extremely.'' Distress typically peaked at the midpoint of each biography (M time of peak = 17.33 s, SD = 5.62 s), whereas empathic care typically peaked toward the end of each story (M time of peak = 30.71 s, SD = 5.66 s), although intensities and temporal profiles differed across biographies ( Figure 1A ; Figure S1 ; biography texts are listed in Table S1 ). Ratings of care and distress were positively correlated at an average of r(22) = 0.25, SD = 0.49 across biographies, indicating partial dissociability of these two emotions.
Participants donated an average of $21 per trial, with variability across participants (SD = $17.36) and biographies (SD = $4.00). Participants knew that one donation trial would be randomly chosen and implemented at the end of the experimental session (Hare et al., 2010) , resulting in a total of $1,480 donated to charitable organizations.
Brain Markers of Empathic Care and Distress
We used machine learning-based regression techniques to identify two whole-brain patterns (''brain markers'') that quantitatively predicted the intensity of moment-by-moment empathic care and empathic distress ratings ( Figure 1A ). We first computed the group-average time course of care and distress for each biography to increase the reliability of the continuous ratings and because each subject had only rated either care or distress for a given biography. We then binned the care and distress group-average time courses into five quintiles representing five intensity levels across all biographies to reduce the influence of extreme values and to make the data more computationally manageable. We estimated contrast images representing these five intensity levels of care and distress for each subject and submitted these to a support vector regression (SVR) predicting emotion intensity level (1-5) in out-of-sample participants (leave one subject out cross-validation) (Chang et al., 2015; Kassam et al., 2013; Kragel and LaBar, 2015; Saarim€ aki et al., 2016; Wager et al., 2013) . In the held-out participant, the contrast images representing five emotion intensity levels were estimated using that participant's continuous ratings of care and distress and not the group-average ratings that were used to create the training data. Finally, to localize the brain regions most reliably involved in prediction (Figure 2A ), we bootstrap-resampled the SVR analyses 5,000 times, generating p values for each voxel (Wager et al., 2013) , and applied a voxel-wise threshold of false discovery rate (FDR) q < 0.05 (Genovese et al., 2002) .
Significantly predictive brain regions were distributed across multiple brain systems for both the empathic care and distress markers (Figure 2A ; Tables S4 and S5 ). Significant positive and negative weights indicated that more intense emotion was predicted by increased and reduced activity, respectively. The two markers had overlapping positive weights in the anterior mPFC, orbitofrontal cortex (OFC), VS, supplementary motor area, precuneus, and bilateral mid-and posterior insula (Figure S2A ). These regions have been implicated in mentalizing, empathy, and affect more broadly (Ashar et al., 2016b; Zaki and Ochsner, 2012) . Brain regions preferentially related to care and distress were probed in further analyses described below.
We assessed both the sensitivity and relative specificity of each marker-the extent to which it tracked the emotion it was trained to track, and did not track the other emotion (Chang et al., 2015; Kassam et al., 2013; Koutsouleris et al., 2015; Kragel and LaBar, 2015; Pantazatos et al., 2014; Peelen et al., 2010; Saarim€ aki et al., 2016; Wager et al., 2013; Woo et al., 2014) . Because the predictions were unbiased (tested in independent participants), two likely outcomes were that a marker would track only the emotion it was trained on, demonstrating emotion specificity, or track both emotions, thus capturing aspects of emotional engagement common to both care and distress ( Figure 1B ). The marker trained on care predicted care in outof-sample subjects with high accuracy, with an average withinsubject correlation of r(3) = 0.59, p < 0.001, whereas its predictions of distress were significantly worse (average r(3) = 0.18, p < 0.001; care versus distress: (T-statistic) T(65) = 4.79, p < 0.001) ( Figure 2B ). The marker was thus sensitive and relatively specific to care versus distress. In contrast, the marker trained on distress predicted both distress and care with similarly high accuracy in novel subjects, with average within-subject correlations of r(3) = 0.63 and r(3) = 0.66, respectively, p < 0.001 (care versus distress: T(65) = À0.55, p > 0.1) ( Figure 2B ). Thus, the distress marker did not exhibit specificity to distress relative to care in this analysis.
We further tested the extent to which these markers, which were trained on binned data (quintiles), would track empathic emotion intensity at the resolution of single fMRI volumes. For held-out subjects, we compared marker predictions for each fMRI volume to self-reported emotion intensity at that moment ( Figure 2C ). Prediction-outcome correlations were significantly greater than zero at single-volume resolution, with an average within-subject correlation of r(310) = 0.24, p < 0.000001 for care and r(310) = 0.10, p < 0.0001 for distress. Additionally, the A) The encounter with a suffering person can elicit both empathic care and empathic distress. Participants provided continuous ratings of these emotions while listening to biographies describing true stories of human suffering. We developed whole-brain patterns predicting ratings of empathic care and distress from fMRI activity and used marker responses to predict real-money, trial-by-trial charitable donation amounts. (B) In leave one out cross-validation, we tested the sensitivity and relative selectivity of both markers, applying them to held-out test data for empathic care and distress. more group-average reported care and distress diverged from each other during listening to a particular biography, the more the group-average fMRI marker activity over successive volumes diverged as well, r(22) = 0.38, p = 0.04 ( Figures 2D  and S1 ). These results show that the fMRI markers could reliably track the moment-by-moment temporal dynamics of empathic care and distress.
Brain Regions Selective for Empathic Care and Distress
We searched for brain regions selectively related to empathic care and to empathic distress to better understand their distinct brain substrates. To identify regions selective for empathic care, we identified those that had significantly more positive weights for the empathic care marker than for the distress marker in the multivariate patterns and were significantly positively correlated with empathic care in univariate voxel-by-voxel analyses, both when controlling and not controlling for distress (STAR Methods) . This conjunction revealed that empathic care was preferentially related to activity in the medial OFC (mOFC), vmPFC, VS, and septal area (Figures 3A and 4; Table S2), consistent with prior associations of these regions with positive empathic affect, prosocial behavior, and affiliative emotion and behavior (Bredewold et al., 2015; Genevsky and Knutson, 2015; Genevsky et al., 2013; Harbaugh et al., 2007; Hare et al., 2010; Inagaki and Eisenberger, 2012; Klimecki et al., 2012 Klimecki et al., , 2014 Krueger et al., 2007; Moll et al., 2006 Moll et al., , 2012 Moll et al., , 2014 Morelli et al., 2015; Numan, 1988; Zaki and Mitchell, 2011) . Empathic care also was associated with precuneus/posterior cingulate activity, a key node of the mentalizing system often active in response to observing emotional suffering (Bruneau et al., 2012a (Bruneau et al., , 2012b (Bruneau et al., , 2013 Immordino-Yang et al., 2009; Masten et al., 2011; Meyer et al., 2013; Morelli et al., 2014) .
We conducted corresponding analyses to identify brain regions sensitive and relatively specific to empathic distress. We found that distress was preferentially associated with activity in the left ventral premotor cortex, bilateral inferior parietal lobe (IPL), and bilateral somatosensory cortex (SI and SII) (Figures 3A and 4; Table S3 ). Meta-analyses have found overlapping activation in these somatosensory and premotor regions to both the experience and the observation of actions, sensations, and emotional facial expression (Keysers et al., 2010; Molenberghs et al., 2012) , leading them to be considered as part of a mirror system (Gallese et al., 2004) . Empathic distress was also preferentially related to the left mid-insula and a right hemisphere cluster spanning the mid-insula, claustrum, and putamen. This is consistent with previous work in which participants asked to 
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(A) Marker voxel weights reliably contributing to prediction across 5,000 bootstrap samples thresholded at FDR q < 0.05. Positive (red) and negative (blue) weights indicate that more intense emotion was predicted by increased and reduced activity, respectively. (B) Using leave one subject out cross-validation, marker predictions were computed for both empathic care and distress test data across five emotion intensity levels (mean ± SEM). Both markers were strongly predictive of the emotion they were trained to track, and the empathic care marker was relatively selective in predicting empathic care. The inset violin plots show the distribution of within-subject prediction-outcome correlations. (C) Markers predicted fluctuations in emotional intensity at the resolution of single fMRI volumes. With leave one subject out cross-validation, we compared marker responses to single fMRI volumes with the emotional intensity reported at that moment. Each subject is represented by a colored line, and the black line shows the group-average relationship. (D) Predicted empathic care and distress tracked the temporal unfolding of emotional experience during biography presentation. Shown here is the average across all biographies; results for each biography are presented in Figure S1 .
imagine themselves in painful situations (versus imagining someone else in those painful situations) reported increased distress and recruited a bilateral mid-insula region overlapping with the activation reported here (Jackson et al., 2006; Lamm et al., 2007) .
We confirmed that the regions identified in these analyses were sensitive and relatively selective to empathic care or distress by plotting their average activity across binned intensity levels (quintiles) of care and distress (Figure 4 ). We also confirmed our interpretation of the care-specific regions as related to valuation processes and the distress-specific regions as related to mirroring processes by comparing our results with reverse inference meta-analytic maps from Neurosynth for the terms ''value'' and ''mirror'' (Yarkoni et al., 2011;  Figure 3B ). Neurosynth reverse inference maps show brain regions that are selectively related to a given term (i.e., value or mirror) relative to the hundreds of other terms in the database collected from more than 10,000 fMRI studies.
Relation of Empathic Care and Distress to Other Feelings
Encountering others' suffering can elicit a complex array of feelings. To understand how the empathic care and distress markers related to other feelings, we asked an independent nationwide sample of participants (n = 200) to listen to the same biographies and provide moment-by-moment ratings of sadness, fear, disgust, anger, happiness, surprise, positive valence, negative and valence as well as replication ratings of care and distress for testing reliability across samples. In an online experiment (with no neuroimaging), participants rated one feeling for each biography, with a different random assignment of which feeling was rated for which biography for each participant. The time courses of group-average care and distress ratings were highly correlated across the fMRI and online samples (average r = 0.81, T(23) = 10.67, p < 0.00001 for care; average r = 0.82, T(23) = 15.15, p < 0.00001 for distress; averaged and tested across biographies). This indicates that the emotional responses elicited by the biographies were similar for both samples.
To investigate the interrelationship of the ten rated feelings, we computed the normative (group-average) time course of each feeling for each biography, with n = 20 participants contributing data for each biography-feeling pair (time courses for sample stimuli are shown in Figure 5A ; all stimuli are shown in Figure S3 ). We then calculated the pairwise inter-correlations for each of the ten feelings for each biography and averaged them across biographies into a 10 3 10 matrix. We submitted this matrix to a hierarchical clustering analysis. This revealed three feeling clusters: a negative feeling cluster, including sadness, empathic distress, anger, fear, disgust, and negativity, which were correlated on average r = 0.80 ± 0.02 (SEM); a positive feeling cluster, including happiness and positivity, which were highly correlated at r = 0.95; and a bivalent cluster, including empathic care and surprise, which were correlated at r = 0.56 ( Figure S4 ). The biographies thus elicited a blend of emotions. In this blend, empathic care emerged as a distinct measure differentiable from both distress (average r = 0.29 ± 0.11 SEM across biographies) and positive emotion (average r = 0.63 ± 0.04 SEM across (B) Meta-analytic maps for the terms mirror and value (reverse inference), thresholded at FDR q = 0.01 (Yarkoni et al., 2011) . PMC, premotor cortex; IPL, inferior parietal lobe; SI/SII, primary/secondary somatosensory cortex; PCC, posterior cingulate; PC, precuneus; VS, ventral striatum; vmPFC, ventromedial prefrontal cortex; mOFC, medial orbitofrontal cortex. biographies). This is likely because during presentation of the biographies, empathic care tended to steadily increase, negative emotions tended to rise and then fall, and positive emotions tended to rise toward the end of biographies ( Figure 5A ; Figure S3) . Our findings agree with previous work showing that compassion and affiliative emotion do not have a clear, valence (Condon and Feldman Barrett, 2013; Moll et al., 2012 Moll et al., , 2014 .
We then tested to what extent the care and distress markers tracked the time courses of these ten different feelings to better characterize the specificity of the brain markers. An advantage of our approach, which used normative time courses to develop the brain markers, is that it allowed us to map the data collected in the online sample on to the neuroimaging data. Paralleling the methods described above, we binned the group-average time courses for each feeling into five quintiles representing increasing intensity levels of that feeling. This approach was insensitive to absolute intensity differences between feelings and was only sensitive to relative changes in intensity within each emotion. We then computed contrast images for each subject for each intensity level for each feeling, creating ten different sets of images representing normative intensity for the ten different feelings. Finally, we applied the care and distress markers to these sets of images, assessing how closely the care and distress markers tracked each of these ten feelings.
The empathic care marker tracked ratings of empathic care from the online sample significantly more strongly than it tracked any of the other nine emotions collected in that sample (Figure 5B) (care versus the next closest emotion, surprise; T(65) = 1.77, p = 0.04, one-tailed). The empathic care marker also correlated to a varying degree with a range of other feelings, including those with positive and negative valence. This suggests that the empathic care marker is most closely related to empathic care per se but also reflects, to some extent, aspects of other emotions. This may be because these emotions partially share underlying neural systems ( Figure 1A ) and/or because these emotions were only partially dissociated in our ecological stimulus set.
The empathic distress marker was positively correlated with a cluster of negatively valenced emotions (sadness, anger, Plots depict ROI average activity across increasing intensity levels of care (purple) and distress (orange) (1, lowest intensity; 5, highest intensity; mean ± 95% CIs). These regions were identified in previous analyses (see Figure 3) . disgust, fear, and general negativity) and negatively correlated with happiness and general positivity ( Figure 5C ). It was also positively correlated with empathic care, although more weakly than in the original neuroimaging sample. These results suggest that the empathic distress marker is most closely related to a nonspecific negative arousal in response to others' suffering, in line with how we and others have conceptualized empathic distress (Ashar et al., 2016a (Ashar et al., , 2016b Batson, 2011; Singer and Klimecki, 2014) .
Predicting Charitable Donation Amounts from the Brain Markers Using leave one subject out cross-validation, we tested whether brain marker responses over the course of a biography could predict later charitable donation amounts to the charity associated with that biography. We computed, for each subject, the average empathic care and distress marker responses during each biography. In the training data, we estimated a model predicting donation from the brain markers using a multi-level regression. We then applied this model to the test subject and correlated predicted and observed donations to generate cross-validated variance explained (R 2 ) values for each subject.
When considered separately (i.e., including only one marker as a predictor in the regression), the response of both brain markers positively predicted later charitable donation amounts at a trialby-trial level in out-of-sample-subjects (b care = 0.03, p = 0.04, average within-subject R To test whether the brain markers improved upon donation predictions derived from self-report alone, we conducted a multi-level regression predicting trial-by-trial donation amounts from brain marker activity and continuous care and distress ratings using the means of those measures across time for each biography. Because participants only provided either care or distress ratings on each trial, we split each participant's data according to which self-report rating was available for a given trial and conducted a regression on each half of the data (i.e., 12 trials per subject). Self-reported care was a strong predictor of donation (T(60) = 7.75, p < 0.00001), controlling for both brain markers. Controlling for self-reported care, the distress marker positively predicted donation (T(60) = 2.22, p = 0.03) whereas the care marker did not (p > 0.4). In the other half of the data, average self-reported distress predicted increased donation (T(60) = 1.81, p = 0.075), although with only marginal significance, and neither the care nor the distress marker significantly predicted donation when controlling for self-reported distress, (p values > 0.1). Overall, comparisons with self-report revealed that self-reported care was the strongest predictor of donation and that the distress marker contributed to the prediction of donation above and beyond self-report, although the regressions with only half of the data had low statistical power.
We also tested the ability of the brain markers to predict donation relative to two regions of interest (ROIs) previously predictive of donation-the NAc (Harbaugh et al., 2007; Genevsky et al., 2013; Genevsky and Knutson, 2015) and the vmPFC (Moll et al., 2006; Hare et al., 2010; Cooper et al., 2010) . For both the NAc and vmPFC, we submitted the average ROI activity during each trial to a multi-level regression predicting charitable donation amounts on a trial-by-trial level. We found that NAc activity significantly predicted charitable donation amounts (p = 0.045, one-tailed). The vmPFC ROI average activity was not reliably related to charitable donation amounts (p > 0.6). When including the care marker, distress marker, and NAc all in the same model, the distress marker was marginally significant (p = 0.08), whereas the care marker and the NAC were not significant, controlling for the other predictors. This was likely influenced by collinearity between the predictors-NAc activity was positively correlated with the care marker (average r(22) = 0.13, p < 0.001) across subjects and negatively correlated with the distress marker (r(22) = À0.06, p < 0.05). Overall, these results confirm the link between the NAc and charitable donation (i.e., Harbaugh et al., 2007; Genevsky et al., 2013 Genevsky et al., , 2015 , show that the NAc activity and the care marker share variance, and suggest that the empathic distress marker captures additional variance in donation not explained by NAc activity or empathic care.
DISCUSSION
Recent debates about empathy and compassion have hinged on distinctions between multiple systems. A critical distinction is between empathic care and distress-''feeling for'' versus ''feeling with''-which some have labeled as compassion versus empathy (Ashar et al., 2016a; Batson, 2011; Bloom, 2016; Lamm and Majdand zi c, 2015; Shamay-Tsoory et al., 2009; Singer and Klimecki, 2014; Zaki and Ochsner, 2012 ). Here we describe, for the first time, brain markers accurately predicting the intensity of empathic care and distress in novel, out-of-sample participants. These markers tracked fluctuations in different, simultaneously unfolding empathic responses to ecological stimuli, predicted later charitable donation decisions, and were differently associated with eight other feelings. We also identified distinct large-scale brain systems preferentially related to empathic care and empathic distress.
Both the empathic care and distress brain markers were strongly predictive of care and distress, respectively, in novel subjects. In tests of marker specificity, the empathic care marker was most strongly correlated with empathic care ratings. It also correlated positively with other positive and negative feelings to varying degrees, suggesting that the empathic care marker reflected a mixed-valence feeling state. The empathic distress marker was strongly positively correlated with a cluster of negatively valenced emotions, indicating that it relates preferentially to negative emotion. It was also positively correlated with empathic care, more strongly in the neuroimaging sample and relatively weakly in the online behavioral sample. Overall, the empathic care and distress markers demonstrated partial-but not full-specificity to the targeted emotion, possibly due to common underlying brain systems ( Figure S2 ; Lindquist et al., 2012 Lindquist et al., , 2016 and/or to the blended nature of emotional responses to naturalistic stimuli. These findings extend previous 
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(A) Group-average continuous time courses (in seconds) of feelings provided by an independent behavioral sample (n = 200), shown for three sample biographies. These time courses were mapped onto neuroimaging data from the fMRI sample (n = 66). (B) To assess the specificity of the empathic care and distress brain markers, we tested to what extent each marker correlated with the groupaverage time course of each feeling (mean ± SEM). This approach tracks the time course of feelings but not the absolute intensity of feelings. The care marker tracked empathic care significantly more strongly than any other emotion, and it was positively correlated with a range of positively and negatively valenced emotions. (C) The distress marker was positively correlated with a cluster of negative emotions, negatively correlated with the two positive emotions, and had a relatively weak relationship with care and surprise, the two emotions with ambiguous valence. work on brain-based prediction of emotion (Chang et al., 2015; Kassam et al., 2013; LaBar, 2015, 2016; Saarim€ aki et al., 2016; Wager et al., 2013) by demonstrating the accurate prediction of empathic emotions in response to complex social stimuli.
Predictive markers of empathic processes have several advantages that may position them to contribute to translational neuroscience (Woo et al., 2017) . They respresent potential research that can be easily shared between labs, applied to new samples, and tested for sensitivity and specificity across a continually expanding range of conditions. This can enable a cumulative science that ultimately produces rigorously validated markers ready for translational use. In the domain of empathy, validated predictive markers may aid in the diagnosis or prognosis of empathy-related disorders (i.e., autism or psychopathy) and serve as proximal biological targets for interventions seeking to enhance compassion (Ashar et al., 2016a; Klimecki et al., 2012 Klimecki et al., , 2014 Lutz et al., 2008; Weng et al., 2013) or as targets for biofeedback-based training programs aiming to enhance empathy (Moll et al., 2014; Yao et al., 2016) . The markers presented here are a first step in a cumulative process of refinement and validation.
Univariate approaches complement the multivariate approach and are valuable for explaining the function of particular brain regions. We found that empathic care rather than distress was preferentially related to activity in the vmPFC, mOFC, and VS. This is consistent with previously reports linking the mesolimbic dopaminergic system to prosocial behavior (Genevsky and Knutson, 2015; Genevsky et al., 2013; Harbaugh et al., 2007; Moll et al., 2006; Morelli et al., 2015) , positive feelings toward suffering others (Genevsky and Knutson, 2015; Genevsky et al., 2013; Moll et al., 2012) , support-giving (Inagaki and Eisenberger, 2012) , and compassionate states induced by loving-kindness meditation in contemplative experts and in meditation trainees (Engen and Singer, 2015; Klimecki et al., 2012 Klimecki et al., , 2014 . The present findings extend previous work by linking these brain regions more specifically to empathic care rather than the closely related empathic distress. Medial prefrontal and VS activity has been linked to computations of value (Levy and Glimcher, 2012) , the degree of closeness with other people (Harris and Fiske, 2007; Krienen et al., 2010) , thinking about the self (Denny et al., 2012; Murray et al., 2012) , and vicarious reward (Mobbs et al., 2009; Morelli et al., 2015) . Taken together, these findings suggest that empathic care, rather than empathic distress, has a preferential relationship with ventromedial prefrontal-striatal systems supporting valuation, affiliation, and self-relevance (Ashar et al., 2017) .
Empathic care was also preferentially related to brain activity in the septal area of the basal forebrain. Converging evidence suggests that this region plays a unique role in affiliative behavior across species. In humans, multiple fMRI investigations have linked this area with trust (Krueger et al., 2007) , charitable donation (Moll et al., 2006) , prosocial behavior (Morelli et al., 2014) , giving support to a romantic partner (Inagaki and Eisenberger, 2012) , and affiliative emotion (Moll et al., 2012 (Moll et al., , 2014 . In rats, lesioning and pharmacological manipulations of the septal area suggest a causal relationship with the expression of various affiliative and social behaviors, especially maternal behaviors (Sheehan and Numan, 2000) . The septal area also adjoins and is densely interconnected with the anterior hypothalamus (Zaborszky et al., 2008) , a region rich in oxytocin and vasopressin magnocellular neurons implicated in maternal and affiliative behavior (Insel, 2010) .
Empathic distress, on the other hand, was preferentially related to premotor and somatosensory regions involved in representing both one's own and others' bodily states (Iacoboni and Dapretto, 2006) . In a meta-analysis of over 100 fMRI studies, these regions were found to reliably activate both during the observation and the execution of actions, sensations, and emotional facial expressions (Molenberghs et al., 2012) . Electrophysiological recordings in humans have further confirmed the presence of single neurons within these regions with these same mirroring properties (Mukamel et al., 2010) . This brain system may critically support our understanding of others by allowing us to share in or simulate their experiences (Gallese et al., 2004; Keysers et al., 2010; Zaki and Ochsner, 2012) . Taken together, our results suggest that empathic distress, rather than care, may be preferentially linked to mirroring-like processes in premotor and somatosensory systems. Because participants did not provide ratings while listening to the biographies in the scanner, these results are unlikely to be due to task-related motor demands.
Both markers also prospectively predicted later charitable donation amounts at a trial-by-trial level, validating the emotion markers against an independent behavioral task. The distress marker predicted donation controlling for self-reported care and for NAc activity. This supports the notion that the distress marker captured negative affect-related brain processes not reflected in NAc activity, as the NAc has been linked specifically to positive affect motivating charitable donation (Genevsky and Genevsky et al., 2013) . Self-reported care and distress both positively predicted increased donation, although care was a stronger predictor. This both confirms previous reports that increased distress predicts helping (i.e., Ashar et al., 2016b) and lends credence to prior arguments that empathic care rather than distress is the primary motivator of altruism (Ashar et al., 2016a; Batson, 2011; Singer and Klimecki, 2014) .
We also demonstrated that predictive brain markers can track the temporal unfolding of relatively more complex emotional experiences. Our investigation of dynamic affect may offer a different perspective on affective brain function. For example, we did not find the aMCC or the aIns to be central to empathic care or distress, in distinction from prior work (CorradiDell'Acqua et al., 2016; Fan et al., 2011; Klimecki et al., 2014; Lamm et al., 2011; Singer and Klimecki, 2014) . One reason for this may be that the cingulate and insula respond to salient events of multiple modalities and play a domain general role in detecting and orienting, which may not specific to empathy (Legrain et al., 2011; Uddin, 2015; Yarkoni et al., 2011) . The fluctuations in unfolding empathic emotion modeled here may not have required the same detecting/orienting as required by the brief, highly salient stimuli often used in previous studies. Additionally, the aMCC and aIns may have been more recruited by the task which served as a baseline comparison for fMRI contrasts (STAR Methods).
In conclusion, the current findings demonstrate the feasibility of predicting temporally dynamic empathic emotion elicited by ecological stimuli from the brain activity in novel individuals, with partial specificity of predictions with respect to other emotions. Future studies are needed to test the generalizability of these brain markers across different psychological contexts. The development of validated predictive markers may facilitate a translational neuroscience of empathy and, ultimately, may help create a kinder, more compassionate society.
STAR+METHODS
Detailed methods are provided in the online version of this paper and include the following: whether the arrow was left-or right-facing. The arrows task served as a non-social non-affective baseline contrast for the biographies task, and was chosen to interfere with any continued reflection on the biographies between trials. The [biographies -arrows] contrast is depicted in Figure S5 .
Charitable donation task
After listening to and rating all the biographies as described above, participants then listened to an abbreviated audio-recorded ''reminder'' of each biography (8 -11 s), followed by a donation decision screen with a visual analog scale for selecting the desired donation amount (5 s), followed by the arrows task described above. To encourage participants to make independent choices on each trial, they were informed that at the end of the experimental session, exactly one of their donations would be randomly selected, subtracted from their endowment, and donated to the organization that had helped the individual described in the biography (Hare et al., 2010) . $1,500 was distributed to charitable organizations at the conclusion of this study.
Continuous ratings of empathic care and distress Participants were then removed from the fMRI scanner and listened to the full version of all 24 biographies a second time in a behavioral testing room. While listening, participants provided moment-by-moment ratings of either empathic care or empathic distress, with assignment of biographies to feeling rated balanced across subjects. Ratings were provided on a visual analog scale ranging from ''not at all'' to ''extremely,'' and the slider was initiated to the mid-point of the scale for every trial.
We operationalized care and distress by asking participants to rate ''how tender/distressed do you feel right now?''. We used the word ''tender'' because of prior research strongly linking this word to empathic care (Batson et al., 1987) , and because we thought this word would clearly communicate the construct of interest to participants. To ensure understanding, prior to the scan participants were given the following instructions: ''Anytime we use the word ''tender,'' we mean a feeling of caring, openness, and warmth toward another person. When we use the word distress, we mean a feeling of discomfort or suffering for you, as someone listening to these stories.'' Participants were then prompted to describe the difference between tender and distress in their own words, and the researcher reviewed the above definitions if the participant had misunderstood our use of these terms.
After each biography, participants also answered six questions selected to measure feelings, attributions, and similarities relevant to charitable donation, and completed surveys measuring traits of interest (results presented in Ashar et al., 2016b) .
fMRI data acquisition
Images were acquired with a 3.0 T Siemens Trio Tim magnetic resonance imaging scanner using a 16 channel head coil. Twenty-six 3.0-mm-thick slices (in-plane resolution 3.4 3 3.4 3 3.0, 1 mm gap, ascending sequential acquisition) extended axially from the midpons to the top of the brain, providing whole-brain coverage. Functional scans were acquired with a T2*-weighted gradient echo pulse sequence (TR = 1.3 s, TE = 25 ms, flip = 75
, field of view = 220 mm, matrix size = 64 3 64 3 26). The biographies task extended over three runs of 284 volumes each, and the charitable donation task extended over two runs of 231 volumes each. High-resolution structural scans were acquired prior to the functional runs with a T1-weighted MP RAGE pulse sequence while participants practiced using the in-scanner response devices (TR = 2530 ms, TE = 1.64 ms, flip = 7 , 192 slices, 1 3 1 x 1 mm). Parallel image reconstruction (GRAPPA) with an acceleration factor of 2 was used.
fMRI data preprocessing We removed the five initial volumes of each run to allow for image intensity stabilization. To identify volumes with signal values that were outliers within the time series (''spikes''), we then computed both the mean and the standard deviation of intensity values across each slice, for each image. Mahalanobis distances for the matrix of (concatenated) slice-wise mean and standard deviation values by functional volumes (over time) were then computed. Any values with a significant c 2 value (corrected for multiple comparisons based on the more stringent of either false discovery rate (FDR) or Bonferroni methods) were considered outliers. In practice, approximately 1%-2% of images were deemed outliers. The outputs of this procedure were later included as nuisance covariates in the first level models. Head motion was then estimated for each subject using SPM8, and 24 head motion covariates were entered into each first level model (displacement in six dimensions, displacement squared, derivatives of displacement, and derivatives squared). Next, functional images were corrected for differences in the acquisition timing of each slice and were motion-corrected (realigned) using SPM8. The functional images were then coregistered to the structural T1-weighted images using the iterative mutual informationbased algorithm implemented in SPM8, then interpolated to 2 3 2 3 2 mm 3 voxels and smoothed with an 8 mm FWHM Gaussian kernel. Lastly, the structural images were warped to SPM's normative atlas using SPM8 (warping parameters estimated from coregistered, high-resolution structural images), and these warping parameters were applied to the functional data, normalizing it to MNI space.
Continuous ratings of other feelings collected online
A nationwide sample of participants recruited from Mechanical Turk (N = 200) completed an online experiment in which they listened to the same biographies and provided continuous ratings of sadness, fear, disgust, anger, happiness, surprise, positive valence, negative valence, care, or distress. Quality control measures were used to screen out careless responders, including simple questions to check that participants were paying attention (Meade and Craig, 2012) . Participants rated one feeling for each biography, with a different random match of biographies to feelings for each participant. Ratings were provided on a visual analog scale ranging from ''not at all'' to ''extremely.'' The slider was initiated to ''not at all'' for every trial, as we believed that participants would not be feeling some of these emotions at all at the trial onset. This stands in distinction to the neuroimaging sample, in which the slider was initiated to the midpoint of the scale. This difference in the slider's initial position may explain why the empathic distress marker was differently correlated with reported empathic care across the two samples.
The online experiment was programmed in Qualtrics. Participants were compensated $3 for participation and given a $1 endowment for donation to the biographies (donation data from this sample not analyzed here). Demographic data were not collected in this sample.
QUANTIFICATION AND STATISTICAL ANALYSIS
Brain markers of empathic care and empathic distress We used a two-step framework to identify patterns (''markers'') of fMRI activity predicting empathic care and distress intensity levels in novel individuals, since computational limitations rendered direct MVPA analysis of the full subject-level data unfeasible. This twostep approach has previously been used to successfully predict affect in novel individuals (Chang et al., 2015; Wager et al., 2013; Woo et al., 2014) .
We computed the group-average time course of care and distress for each biography and binned these time courses into five quintiles representing five intensity levels of reported care and distress. We then estimated for each subject five contrast images representing each emotion intensity level, using a General Linear Model (GLM) in SPM8. This procedure was designed to limit the influence of outlying time points and to reduce data to a computationally manageable size. Each subject's GLM included five binary regressors for each emotion intensity level, as well several regressors of no interest: A Listen condition, a Rate condition, 24 head motion covariates, spike indicator covariates, run intercepts, and a linear trend for each run. The Listen condition modeled the presentation of biographies, and the Rate condition modeled the rating of overall empathic care or distress. The emotion time courses were delayed by four volumes (5.2 s) prior to binning to account for hemodynamic lag (Wager et al., 2004) .
We then submitted the five contrast images from each subject to a cross-subject Support Vector Regression (Spider package for MATLAB) predicting intensity level (1, 2, 3, 4, or 5). Contrast images were first mean-centered within-person within-voxel, as we sought to focus on the dynamics of within-person emotional experience, and because outcome data (i.e., 1 -5) did not include between-subject variability. The MVPA was conducted in a template whole-brain gray matter mask, to exclude extraneous signal from the feature set. In leave-one-subject-out cross-validation, the marker developed on the training data was applied to the test data by computing a dot product. To help visualize and interpret neuroanatomical features of the marker, we boot-strapped this analysis 5,000 times. We then conducted a one-sample T-test at each voxel, testing the voxel weights across bootstrapped samples against zero. This yielded p-values at each voxel, which were thresholded at FDR q < 0.05 (Genovese et al., 2002) .
The markers were trained on group average time course ratings (a form of Empirical Bayes regularization), because doing so improves accuracy to the extent affective responses are consistent across individuals (Lindquist et al., 2015) , and because it was not feasible for participants to provide continuous ratings on both empathic care and distress simultaneously and we thus had idiographic care and distress ratings for only half the trials. The markers were tested, however, on the idiographic emotion time course ratings provided by each participant, though data was only available for half the trials. The test dataset included contrast images representing quintiles of emotional intensity derived from the self-report of the held-out subject.
To generate marker predictions for individual fMRI volumes, we regressed out the Listen, Rate, and nuisance regressors as described above from the test subject's data, and then computed the dot product between each volume of the test data and the markers developed in the training sample (leave-one-subject-out cross-validation). To assess predictive accuracy at the single volume resolution, we 1) correlated each subject's reported and predicted emotional intensity for each volume ( Figure 2C) , and 2) compared predicted and reported emotion, averaging across subjects for each biography ( Figure 2D ; Figure S1 ). For these biography-average predictions, we correlated the divergence between predicted care and distress with the divergence between reported care and distress. This test was conducted one-tailed, as our hypothesis was in one direction only. For ease of visual interpretation, the moment-by-moment predictions shown in Figure 2D and Figure S1 were smoothed (moving average, with a window of 5 volumes).
Analyses to identify regions preferentially supporting empathic care and distress To identify the regions reliably and specific associated with care, we identified brain regions that were 1) significantly more positively related to care than to distress in multivariate analyses, comparing multivariate marker weights across 5,000 bootstrapped samples (care marker -distress marker), 2) predictive of care in univariate analyses (GLM), and 3) predictive of care controlling for distress in univariate analyses (GLM). Each of these three maps was thresholded at FDR q < 0.05 (Genovese et al., 2002) . The conjunction of these maps represented regions that were positively related to care, and more related to care than to distress, both when considered in isolation and when controlling for activity in other brain regions, allowing for more robust interpretation. Corresponding analyses were also conducted for distress.
Predicting other feelings from marker activity
We used identical procedures as described above for the analyses of care and distress for the ten feelings collected in the online sample. We estimated five contrast images for each subject corresponding to increasing intensity levels of each of the ten feelings, which were the group-average ratings for each feeling for each biography.
Predicting charitable donation
We estimated single-trial images for each biography, trial for each subject, and computed the dot product between these images and the brain markers. This yielded an empathic care and empathic distress marker response for each biography for each subject. We then conducted a multi-level GLM using the marker responses to predict trial-by-trial variation in charitable donation amounts. Charitable donations were Z-scored within-subject prior to the GLM, to adjust for the large variability in donation patterns in different subjects. For generating unbiased estimates of variance explained in donation behavior, we conducted the multi-level regressions in the context of leave-one-subject-out cross-validation. In the training sample, we fit a model predicting donation from the brain markers. We fit this model to the test sample, generating predicted donations which we then correlated with observed donations. The brain markers trained on the entire sample were used for this analysis, as they were developed independently of the donation data.
Similar analyses were conducted for predicting donation from the NAc and vmPFC, with one difference: we extracted ROI activity from each single trial image (representing average activity over the course of the trial) instead of computing the marker dot product. The NAc was anatomically defined from the Harvard-Oxford atlas, and the vmPFC ROI was created from a 10mm sphere around the average cluster peaks reported by Hare et al. (2010) and Cooper et al. (2010) , which reported adjacent cluster peaks of [-3 39 À3] and [0 42 À8], MNI coordinates.
For predicting donation from self-report, we computed the average care and distress rating for each biography for each subject, and submitted these to a multi-level GLM. Since subjects provided only care or distress continuous ratings for a particular biography, we divided each subject's data in half and conducted regressions on each half of the data.
DATA AND SOFTWARE AVAILABILITY
fMRI data were analyzed using freely available tools from the Wager lab, available at: https://github.com/canlab/CanlabCore.
The quintile images representing five emotion intensity levels for every subject for empathic care are available at: http://neurovault. org/collections/2444/.
The quintile images representing five emotion intensity levels for every subject for empathic distress are available at: http:// neurovault.org/collections/2448/. The brain markers are available at: http://neurovault.org/collections/2450/. Maps of brain regions preferentially related to empathic care and distress are available at: http://neurovault.org/collections/2450/.
ADDITIONAL RESOURCES
The biographies/charitable donation task is available at: https://github.com/canlab/Paradigms_Public/tree/master/Ashar_2016_ CompassionMeditation. The online experiment measuring the intensity of ten different emotions in response to the biographies is available at: https:// cuboulder.qualtrics.com/jfe/form/SV_cRX2bvedsWDgdlb.
Continuous sliders were implemented in Qualtrics using a freely available toolbox, available at: https://github.com/desmond-ong/ psychWidgets/blob/master/continuous_time_slider/QualtricsReadme.md.
